Abstract-This paper develops data-driven Type-2 Takagi-Sugeno (T-S) fuzzy modeling and control for bilateral teleoperation with dynamic uncertainties and timevarying delays. The Type-2 T-S fuzzy model identified based on input-output data samples describes the nonlinear teleoperation system by a weighted sum of a group of linear local models, which offers a platform to design robust control algorithms by means of mature linear theories. The fuzzy-model-based four-channel control laws are proposed to guarantee the motion synchronization and enhance the operator's force perception for the environment when the time-varying delays and large dynamic uncertainties, especially the gravity of a heavy end effector of the slave, exist. Markov processes are applied to model the time delays. The stability of the closed-loop system is proved by using the Lyapunov-Krasovskii functions. All the conditions are expressed as linear-matrix inequalities (LMI). By using the MATLAB LMI toolbox, the optimized control gains for each of the fuzzy rules are derived to achieve the optimal performance. Finally, experiments based on an experimental platform consisting of two haptic devices prove the superiority of the proposed strategy through comparison with previous work.
I. INTRODUCTION

F
UZZY logic model is effective to describe complex nonlinear systems for controller design because 1) no exact mathematical system functions are required since fuzzy models are universal approximators and can be built based on input-output data samples, expert experience, or both [1] - [3] ; 2) fuzzy logic control has been proven to be a powerful tool to deal with the disturbances [4] . Two different fuzzy models: Mamdani [5] and Takagi-Sugeno (T-S) [6] are popular in The authors are with the National University of Singapore, Singapore 119260 (e-mail: ds744@uowmail.edu.au; qfliao1@e.ntu.edu.sg; ren@ nus.edu.sg).
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Digital Object Identifier 10.1109/TIE.2017.2719604 researches and applications. Both of them are composed of IF-THEN rules with the same antecedent part but different consequents. Unlike Mamdani fuzzy model using fuzzy sets as local models, T-S fuzzy model using linear functions instead has the strengths to reflect the system dynamic properties more clearly, and requires less fuzzy rules [4] . In addition, the controller design for a nonlinear system can enjoy the well-developed theories of linear systems [4] . The traditional (Type-1) fuzzy model with crisp fuzzy memberships is limited in describing a system under the influence of uncertainties, and, subsequently, its controller design may provide degraded performance. In order to overcome this limitation, an extension work called Type-2 fuzzy model [7] - [14] is proposed. In a Type-2 fuzzy set, the fuzzy membership of an element consists of primary and secondary grades that can be regarded as a Type-1 fuzzy set since secondary grades are used to characterize the possibilities of primary grades. As shown in Fig. 1 , a general Type-2 fuzzy set as in (a) has the secondary grades ranging from 0 to 1. When all the secondary grades are 1, it becomes interval Type-2 fuzzy set [12] - [14] as shown in (b), which is much more widely used because of its greatly reduced computational complexity. The increased fuzziness endows a Type-2 fuzzy set additional capability to describe the uncertainties.
The completed theories of Type-2 Mamdani fuzzy logic systems have been developed at the end of the last century [7] . Later, the introduction of Type-2 T-S fuzzy model was given [11] , where the expression of interval Type-2 T-S fuzzy model has been stated that at least one of the following conditions should be satisfied: 1) in the antecedents, interval Type-2 fuzzy sets are used to characterize the premise variables; 2) in the consequents, intervals instead of crisp numbers are used as the local model's coefficients. Several results [15] - [17] demonstrated that Type-2 T-S fuzzy systems improve the robustness in modeling and control performance when compared to its Type-1 counterparts.
This paper concerns the development of advanced fuzzymodel-based control algorithms for bilateral teleoperation systems. Fuzzy logic model is a good choice to describe the bilateral teleoperation system where the dynamic mathematic functions are unavailable. In the existing researches of controller designs for teleoperation systems, only a few methods utilizing fuzzy logic models have been found. Such as in [18] - [20] , adaptive fuzzy control methods are proposed using Type-1 Mamdani fuzzy models to approximate the uncertain part of the systems. Compared to Mamdani fuzzy model, T-S fuzzy model can better describe the system dynamics. A T-S fuzzy-modelbased controller is developed in [21] for master-slave bilateral teleoperation that using Type-1 T-S fuzzy model to describe the overall system for controller design. As introduced before, the uncertainties may not be fully handled by the Type-1 T-S fuzzy model. Moreover, assuming perfect gravity compensation is the main shortage of the controller design in [21] that is difficult to realize in real applications, especially for large-scale and complex robotic systems. To the best of author's knowledge, only one academic article [22] in this area using Type-2 fuzzy logic system is available that presenting a bilateral teleoperation controller design based on a Type-2 fuzzy wavelet neural network. The Type-2 fuzzy system used in [22] has increased fuzziness in antecedents but remaining crisp coefficients in consequents, which may not be able to properly describe the uncertainties since only antecedent part is Type-2. Also, only simulation studies are provided in [22] .
On the other hand, a well-designed bilateral teleoperation system should be able to achieve reasonable position synchronization, and, more importantly, can accurately feed the environmental forces back to the master side in order to allow the operator to have a good perception on the remote object. Numerous papers propose designs to achieve the accurate position tracking of the bilateral teleoperation, such as [18] , [29] - [31] . While the force tracking and the perception of the operators on the environment are seldom considered in the existing research articles. Although force control methods are designed based on disturbance observers in linear teleoperation systems [32] , [33] , their performance in multi-DOF nonlinear teleoperation systems are still questionable. Besides, in teleoperation control of the complex robots, the existence of large uncertainties and time-varying delays will jeopardize the system stabilities, and, furthermore, degrade the position tracking and the operator's perception on the remote environment. Therefore, effective method to deal with dynamic uncertainties and time delays needs to be studied to provide transparent force feedback and position tracking of the bilateral teleoperation systems.
This paper proposes a data-driven Type-2 T-S fuzzy modeling and control algorithm for the bilateral teleoperation system. The steps to construct an interval Type-2 T-S fuzzy model based on input-output data are given that possessing increased fuzziness in both antecedents and consequents to guarantee the sufficient capability to compensate the uncertainties. Subsequently, a nonlinear bilateral teleoperation system with unknown dynamics can be regarded as a combination of multiple linear systems via the proposed fuzzy rules. Compared with previous work, the proposed approach has superiority on compensation for large dynamic uncertainties. In this way, the control laws for linear systems can also be freely utilized in the nonlinear teleoperation system and can achieve better performance than some control algorithms for nonlinear systems. Four-channel control laws using Type-2 fuzzy gains are proposed to provide motion synchronization and simultaneously enhance the operator's force perception on the remote environment. The time-varying delays with upper and lower bounds are considered in this paper, and Markov processes are used to model these random network-induced delays. Lyapunov-Krasovskii functions are used to analyze the system stability with dynamic uncertainties. The configuration of the control gains for each of the fuzzy rules is expressed by the linear matrix inequalities (LMIs) and can be optimized using the MATLAB LMI toolbox. The superiority of the proposed approach is demonstrated by a bilateral experimental platform consisting two haptic devices, in which the slave has a heavy end effector that enlarges the gravity uncertainties. A number of experimental comparisons with previous work are also demonstrated.
II. TYPE-2 T-S FUZZY MODELING
The dynamics a Master-Slave bilateral teleoperation system are described as follows:
where i = m, s represents master and slave, and j = h, e denotes human and environment.q i ,q i , q i ∈ R n (q i ∈ R n ) stand for the joint acceleration, velocity, and position signals, respectively. M i (q i ) ∈ R n × n and C i (q i ,q i ) ∈ R n × n are the inertia matrices and Coriolis/centrifugal effects, respectively. g i (q i ) ∈ R n is the gravitational force. f iqi and f ci (q i ) denote the viscous friction and Coulomb friction, respectively. F d i is the unknown disturbance. τ i is the control signal, and τ j is the external human or environmental torques that τ j = τ * j + Δτ j , where τ * j is the measured torque and Δτ j is the measurement error.
This paper utilizes Type-2 T-S fuzzy models to represent the bilateral teleoperation system for controller design. T-S fuzzy model describes a global nonlinear system using a group of linear local models which are blended by fuzzy membership functions. It has been proved to be a universal approximator to any smooth nonlinear functions to any degree of accuracy in any convex compact area [2] , [3] . As an extension work of Type-1 T-S fuzzy model, the fuzzy rules of an interval Type-2 T-S fuzzy model [11] can be expressed as
where l = 1, · · · , c, c is the number of fuzzy rules; x(k) ∈ R n is the input vector of kth sampling time
T ;C l is the lth interval Type-2 fuzzy set [5] where the fuzzy membership of
, and μ l (x(k)) are lower and upper bounds respectively, and 
Blending the c Type-2 fuzzy rules creates a type-reduced set which is an interval denoted asỹ(k) = [y(k),ȳ(k)]. KarnikMendel algorithm [8] is a frequently used method to derive y(k) andȳ(k). However, Karnik-Mendel algorithm requires iterative calculations which may be time consuming and cause unwanted time delay. In this paper, the following method is selected for simplification [16] , [17] :
Then, defuzzifying the type-reduced setỹ(k) gives the crisp output y(k)
A Type-2 T-S fuzzy model can be constructed based on data samples, human experience, or a combination of both. Collect the input-output pairs from the original system as
. . , N, N is the number of samples. Gustafson-Kessel (G-K) clustering algorithm [23] is employed to form c fuzzy clusters based on the data samples in which c fuzzy cluster centers are located for fuzzy membership calculations. Correspondingly, the system is characterized by c fuzzy rules, where the coefficients of the local models are identified by a weighted least square method. The steps are given as follows.
1) Set the initial value of cluster number c = c 0 , where c 0 is a small integer; and set a tolerance ε > 0 for the rootmean-square error (RMSE) of the identified model. 2) Use G-K algorithm to determine c fuzzy cluster centers from data samples, denoted as z
T . Subsequently, a fuzzy parti-
is the crisp fuzzy membership of z(k) in the lth fuzzy cluster that is calculated according to the distances between z(k) and the c centers, and satisfies
samples with the Euclidean distance of input between each other not larger than a given small value ε 1 > 0 as
The blurring radiuses of fuzzy membership and output of this cluster, denoted by Δμ l and Δy l , respectively, can be determined by 
2) Each sample z(k) can be turn into two, z(k) andz(k), by the following equations:
For each fuzzy rule, two linear polynomials as in (3) with the coefficients denoted as
T , respectively, can be identified by the weighted least square method where the crisp fuzzy memberships are used as weights
where
Based on the results obtained by (6) and (8), using (3)- (5) can calculate the outputs of the model according to the inputs of the data samples; subsequently, the RMSE can be derived by comparing them to the outputs of the data sample. If the RMSE is not larger than the tolerance ε, then the identified result is satisfactory and the modeling is complete. Otherwise, let c = c + 1, and repeat steps 2-5. When given a new input x(k), a crisp fuzzy membership can be calculated by (9) , shown at the bottom of the page, where
distances between x(k) and the fuzzy cluster centers. The lower and the upper bounds of the interval Type-2 fuzzy membership for x(k) in lth fuzzy cluster are
Then, the output y(k) of the Type-2 fuzzy model is derived by (3)- (5), where the coefficients of local models are identified by (8) . Using Type-2 T-S fuzzy model to describe the bilateral teleoperation is able to greatly facilitate controller design since the nonlinear system in (1) can be represented by a weighted sum of a group of linear models where the coefficients are intervals instead of crisp numbers such that they possess additional power to describe uncertainties. For a master or a slave with degree of freedom as n f , collect the joint positions
T , where
can represent the joint accelerations when the sampling period ΔT is sufficiently small. The Type-2 fuzzy rules identified from
where the center ofC l is denoted as z l i c , and its blurring radius is Δμ 
determines the control laws for these upper and lower boundaries. The Type-2 T-S fuzzy model as in (11) for each of the fuzzy rule can be expressed by the following equations:
Treating
.
Equations (12) and (13) can be simplified as
λ is an unknown variable varying between −1 and 1.
Remark 1: By properly choosing the varying ranges of fuzzy membership grades Δμ l and outputs Δy during the modeling process, the identified lower and upper bounds of the coefficients in the designed Type-2 fuzzy dynamic model (12) , (13) can cover the situations with inexactness. As a result, ΔM i , ΔC i , ΔD i , and ΔE i can properly describe the degree of dynamic uncertainty. To maintain the absolutely stability of the system, the terms ΔM i , ΔC i , ΔD i , and ΔE i are concerned in the control laws design and stability analysis.
III. CONTROL ALGORITHMS
Remark 2: Inspired by [19] , we assume feedforward time delay T 1 (t) and the feedback time delay T 2 (t) to be modedependent time varying and are governed by two Markov processes, i.e., 1 (t) and 2 (t), respectively, which are two independent continuous-time discrete-state Markov processes that take values in a finite set Q = {1, 2, . . . , n} with a transition probability matrix given by
Remark 3: The differentials of T 1 (t) and T 2 (t) are bounded by positive constantsd 1 andd 2 , respectively. That is, 0 ≤ |Ṫ 1,2 (t)| ≤d 1, 2 . The values of T 1,2 (t) also have upper and lower bounds, i.e., T 1,2 ≤ T 1,2 (t) ≤T 1,2 .
Remark 4: The proposed Type-2 fuzzy model can be applied to arbitrary control laws. The control laws introduced later (fourchannel teleoperation with Type-2 fuzzy gains) make a clear example that even without complex adaptive control method, the system can still have highly developed performance. The priority of this paper is to provide reasonable force reflection and position tracking of bilateral teleoperation with system uncertainties under time-varying delay conditions.
We define the position and the measured torque tracking errors as follows:
The torque tracking errors are expected to follow a decaying function of time, restricted by a predefined boundary, and converge to the neighbor of zero at the steady state. That is,
where p is a constant that 0 < p < 1, and ρ i (t) is the decaying function of time
where ρ i0 , ρ i∞ , and ı are positive constants. ρ i0 is the initial value of the function ρ i . ρ i∞ = lim t→∞ ρ i (t) is the predefined final constraint of ρ i (t) to suppress the torque tracking errors at the steady state. ı is the convergence velocity. Based on the position tracking errors in (15) , new variables r i (t) are defined
where Λ i is a positive-diagonal matrix. Define
whereÅ(.) is a smooth strictly increasing function shown as
, if e ti (0) ≥ 0 ln p e t i (t)
, if e ti (0) < 0 .
The control laws for the master and the slave are designed as
. (23) k 1−4 , κ i are the diagonal matrices relating the designed fuzzy rules, where for Type-2 fuzzy model
Adding (22) and (23) into (14), the dynamics models can finally be expressed aṡ
Based on the above equations, the overall closed-loop system can be expressed as
. Then, the system in (26) can be decoupled into two subsystems with the X 1 subsysteṁ
], 
],
T . X 1 subsystem and X 2 subsystem represent the designed control system and the tracking errors convergence, respectively. Guaranteeing stability of the X 1 and X 2 subsystems determines the overall system stability and high motion synchronization.
IV. PERFORMANCE ANALYSIS
A. X 1 Subsystem Stability
Equation (29) is the defined output where e (t) = q m (t) − q s (t), r (t) = r m (t) − r s (t), (t) = m (t) − s (t). Our goal is to minimize ℮, which contains the position, velocity, acceleration, and torque tracking errors, by finding proper position and torque control gains k 1−2 and κ i such that X 1 subsystem is stable and the following H ∞ performance requirement is achieved:
(30) According to (30) , Υ is the performance index of the system. More exactly smaller Υ requires smaller ℮, and the tracking errors can then be minimized. Consequently, we are trying to find the optimized control gains k 1−2 and κ i to satisfy the smallest Υ.
Lemma [24] : For any constant matrix M ∈ R n * n , M = M T > 0, and β ≤ η ≤ α, the following inequalities hold:
Proof: To prove the stability of the proposed system in (30), consider the following Lyapunov-Krasovskii functional as V = V 1 + V 2 + V 3 + V 4 , where
Applying Lemma, considering Remarks 2 and 3, assuming at time t, (t) = ð, we can derive the following by using the Makovian infinitesimal operator:
It follows (27) T . Accordingly,
T , and 
where φ = ones(10, 10),Ā 13 = [
] and 
where 
where ζ 2 = [ζ (28) converges to zero at the steady state.
Proof: Considering Lyapunov function as
Thus,
(1 +μ 2 ) and
(1 +μ 2 )I. Therefore,
Consider the following equation: where ε = [e(t), r(t), e(t − T 1,2 (t)), r(t − T 1,2 (t))]. Based on (43), we have
V. EXPERIMENTAL RESULTS
In this section, a series of experimental results are provided. The process of the proposed control algorithm is shown in Fig. 2 , and the applied experimental platform consists of two 3-DOF haptic devices, as shown in Fig. 3 . Fig. 3 . Experimental platform.
In the experiments, the proposed Type-2 T-S fuzzy modeling approach is used to transform the nonlinear system with unknown dynamics and uncertainties to a combination of multiple linear system while the unmeasurable disturbance such as gravity can be fully compensated. Accordingly, to enlarge the influence, the unknown disturbance, especially the gravity, a heavy iron load (around 0.2 kg) is hanged at the end effector of the slave to indicate a heavy manipulator of slave robot with unknown gravity dynamics. The experiments are performed in the presence of different scenarios. The time delays are 300 ms with 100-ms variation.
For a master or a slave of the teleoperation system with the degree of freedom n f = 3, a Type-2 T-S fuzzy model with c = 9 fuzzy rules is constructed from 19 366 data samples where the sampling period is ΔT = 0.001. We present the coefficients of the first fuzzy rules of master and slave as an example
For master x (l = 1, 2, . . . 9) from the designed fuzzy rules, the main control gains of the designed control lawsk 
A. Free Motion
In this section, our target is to let the slave with a heavy manipulator perform fine free motion just using the proposed control laws for linear system. Moreover, the operator is required neither to feel large force feedback nor to apply large force to drive the heavy slave to move to the designated spot. If so, it means the proposed Type-2 T-S fuzzy-model-based algorithm can fully estimate and eliminate the unknown dynamic uncertainties and disturbances. To better demonstrate the superiority of the proposed approach, the designed system is compared to another two systems with novel approaches, a four-channel T-S fuzzy modeled system in [21] (System A) and an adaptive system based on an auxiliary switched filter in [25] (System B). The parameter configuration of the above two systems basically follows the recommendation of [21] and [25] . Fig. 5 shows the performance of System A. System A uses T-S fuzzy model to transform a nonlinear system to the combination of multiple linear systems without considering any dynamic uncertainties and assumes the exact gravity model to be applied to the control laws. However, under the condition of Fig. 3 , the exact gravity model is impossible to derive. Therefore, the position tracking errors are largely enlarged by the hanged heavy load. Especially, for the joint 2, the slave joint can be hardly moved by the master command signals and is unable to follow the master to move to the designated spot. Furthermore, the operator must apply large torques (Maximum 1.5 Nm) to drive the master robot to the designated spot. The heavy load renders the whole system very redundant. The RMSEs of position and torque tracking errors (master-slave) in Fig. 5 are listed in Table I . Fig. 6 shows the performance of System B. The RMSEs of position and torque tracking errors in Fig. 6 are listed in Table II. The new auxiliary switched filter applied in System B has its superiority that can force the position errors to converge to zero. Therefore, even without gravity models and affected by the heavy load, the system can still have good position tracking performance. Especially, for the joint 1 which is less affected by the heavy load, the position tracking errors are nearly zero. Only the joint 2 and joint 3 has obvious tracking errors but also reasonable. However, the adaptive control algorithm designed for dynamic uncertainties in System B is velocity dampers with variable gains. Surely the dampers can guarantee the system stability and the variable gains can enhance transparency to some extent. However, by assuming or setting plenty of upper bounds for the dynamic uncertainties, this algorithm is too conservative for dynamic uncertainties compensation. When remotely controlling the slave with a heavy end effector to conduct free motion, due to the increased system mass and gravity, the operator still feels large force feedback and must apply large torques (More than 1 Nm) to drive the slave to reach the designated spot. Fig. 7 shows the performance of the proposed Type-2 fuzzymodel-based system. The RMSEs of position and torque tracking errors in Fig. 7 are listed in Table III . The most apparent difference from the above two systems is that the operator does not feel large force feedback when driving the master to the extent that the operator does not need to apply large forces to drive the overall system. For the joint 2, the main joint affected by gravity, the maximum applied torque is less than 0.1 Nm that is much smaller than that of Systems A and B. Moreover, accurate position synchronization is achieved in the proposed system with the tracking errors neighboring zero. Notice that the proposed control law does not apply any advanced control algorithms such as the switched filter in System B but still derive a better position tracking. It means the applied the Type-2 fuzzy-model-based control algorithm has superiority on modeling the overall nonlinear system, compensating for dynamic uncertainties, and enable the control laws for linear systems to derive high work performance in nonlinear systems.
B. Hard Contact
In this section, the slave with the heavy load is controlled to conduct free motion at first and then it contacts to a solid wall. A transparent system with a heavy manipulator is required to provide the operator little force feedback at the free motion stage but to provide the operator a real force feedback when contacting the solid wall so that the operator can accurately determine whether the slave's motion is impeded by the environmental object and then the human force can track the environmental force. The proposed system is compared with a four-channel wave-based teleoperation system that uses Mamdani fuzzy model to estimate the system uncertainties in [28] (System C). Fig. 8 shows the performance of System C (0-9-s free motion, 9-18-s hard contact). The RMSEs of position and torque tracking errors in Fig. 8 are listed in Table IV . As introduced before, the traditional Mamdani model provides degraded performance and has no superiority on dealing with system uncertainties over Type-2 Fuzzy model. Therefore, both in the free motion and in the hard contact, the operator keeps feeling large force feedback so that without vision feedback, the operator has no idea on whether the slave is contacting an environmental object or not. Moreover, the position tracking is also influenced by the large dynamic uncertainties. Fig. 8 illustrates that the four-channel waved-based method provided in System C has superiority on sharply varying delays but has no priority on dynamic uncertainties. Table V . The figure clearly shows that during the free motion the operator basically receives no force feedback. When contacting to the solid wall, the applied torque control method immediately allows the operator to feel the remote feedback and good position tracking is also achieved without large errors even during the hard contact. The experiment clearly shows that the proposed method owns high ability on separating the dynamic disturbances and the necessary environmental force.
C. Combined With Wave-Based TDPA (Sharply-Varying Delays)
Under the extreme case that large and sharply varying delays occur, the proposed system can directly combine with the wavebased time domain passivity approach (TDPA) in [26] and [27] to guarantee the position and torque tracking. Fig. 10 shows the system performance (0-14-s free motion, 14-18-s hard contact) under sharply varying delays (1500 ms with 1000-ms variation). The RMSEs of position and torque tracking errors in Fig. 10 are listed in Table VI . The system first conduct a free motion and then contact to the solid wall. Due to the large delays, the performance inevitably degraded but still reasonable, and the system remains stable under such large time delays. Especially, during free motion, the position tracking is still highly accurate.
VI. CONCLUSION
In this paper, a new Type-2 T-S fuzzy-logic-based framework was proposed for bilateral teleoperation system under the influences of large uncertainties and time-varying delays. Interval Type-2 T-S fuzzy models are constructed that transforms the nonlinear teleoperation system to a combination of multiple linear teleoperation systems to facilitate controller designs. Compared with previous work, the proposed Type-2 fuzzymodel-based approach has superiority on accurate compensation for the dynamic uncertainties and disturbances. In this way, the control laws designed for linear systems can be applied. The torque tracking method based on the prescribed performance control is applied to improve the operator's force perception for the environment when large dynamic uncertainties exist. Moreover, interval time-varying delays in bilateral teleoperation are analyzed and the control gains are no longer prescribed in particular form, but expressed as LMIs. By using the LMI toolbox, the optimized parameters can be efficiently calculated. The experiments are performed on two haptic devices and experimental comparisons show the effectiveness of the proposed strategies.
